How do cryptocurrency prices evolve? Is there any interdependence among cryptocurrency returns and/or volatilities? Are there any return spillovers and volatility spillovers between the cryptocurrency market and other …nancial markets? To answer these questions, we use GARCH-in-mean models to examine the relationship between volatility and returns of leading cryptocurrencies, to investigate spillovers within the cryptocurrency market, and also from the cryptocurrency market to other …nancial markets. Overall, we …nd statistically signi…cant transmission of shocks and volatilities among the leading cryptocurrencies. We also …nd statistically signi…cant spillover e¤ects from the cryptocurrency market to other …nancial markets in the United States, as well as in other leading economies (Germany, the United Kingdom, and Japan).
Introduction
Cryptocurrencies have received a great deal of attention in the news as of late. The total market capitalization of cryptocurrency has grown stunningly. In January 2017, the market capitalization of all cryptocurrencies was approximately $18 billion. As of January 2018, the total market capitalization was approximately $599 billion. Despite the exponential growth of Bitcoin and other cryptocurrencies, the cryptocurrency market is rather young (Bitcoin was created in 2009, but active trade only started in 2013) and therefore is still mostly unexplored (see Caporale and Plastun (2017) ). So, it is important to understand how the cryptocurrency ecosystem works. One of the key issues yet to be analyzed is the spillover e¤ects within the cryptocurrency market and from the cryptocurrency market to other …nancial markets. Using GARCH-in-mean models, we analyze the price evolution of the major cryptocurrencies, and investigate spillovers within the cryptocurrency market as well as across other …nancial markets.
Investigating volatility connectedness and spillovers among cryptocurrencies contributes to understanding the information transmission mechanism in the cryptocurrency market, thus providing useful information for market participants (e.g., investors and miners). Theories and empirical work focusing on cryptocurrency volatility spillovers and related information transmission mechanisms can be divided into two groups. The …rst one views the spillover transmission mechanism of cryptocurrency through the correlation with economic fundamentals and global capital allocation. Schilling and Uhlig (2018) obtain a fundamental pricing equation, which in its simplest form implies that Bitcoin prices form a martingale. Using asymmetric GARCH models, Bouri et al. (2017) , Baur and Dimpful (2018) , and Stavroyiannis (2018) investigate the response of the conditional variance to past positive and negative shocks and …nd an inverted leverage e¤ect. The other group holds the view that the cryptocurrency market is ine¢ cient and investors will seek speculation or hedging opportunities in a certain cryptocurrency by assessing the performance of other cryptocurrencies, thereby causing contagious comovement of cryptocurrency returns through a correlated information channel. The existence of bubbles in cryptocurrencies has been examined by Fry and Cheah (2016) . Corbet et al. (2018) examines the potential market manipulation in cryptocurrency cross-correlations and market interdependencies. Despite the growing interest in cryptocurrency as a digital asset, the current economics and …nance literature is still lacking empirical evidence on its diversi…cation, hedging and safe haven properties against other assets such as bonds and stocks. This feature, combined with the fact that the cryptocurrency market is a very young market, makes it particularly interesting to examine spillover e¤ects within the cryptocurrency market as well as across other …nancial markets.
This paper contributes to the cryptocurrency literature in several ways. It …lls the gap in univariate GARCH-in-mean modelling of cryptocurrency returns which allows the risk premium to be a¤ected by the changing conditional variance directly. Secondly, we study the volatility transmission among the three leading cryptocurrencies to examine their exposure to common market innovation shocks using a trivariate GARCH-in-mean BEKK model. Third, this is also the …rst attempt to study the volatility spillovers from the cryptocurrency market to other …nancial markets in the context of a trivariate GARCH-in-mean BEKK model. We investigate the exposure of the cryptocurrency to common stock market and macroeconomic factors in leading economies.
The remainder of the paper is organized as follows. Section 2 reviews the development of the cryptocurrency market. Section 3 discusses the univariate GARCH modeling of Bitcoin, Ethereum, and Litecoin. Section 4 estimates a trivariate GARCH-in-mean BEKK model to explore the interdependence of Bitcoin, Ethereum, and Litecoin. Section 5 estimates the interconnectedness between the cryptocurrencies market and volatility transmission across the stock and bond markets in the United States. Section 6 examines the spillover e¤ects of the cryptocurrency market across international …nancial markets. The …nal section concludes the paper and discusses the policy implications.
Basic Cryptocurrency Facts
Bitcoin and most other cryptocurrencies do not require a central authority to validate and settle transactions. Instead, these currencies use only cryptography (and an internal incentive system) to control transactions, manage the supply, and prevent fraud. Payments are validated by a decentralized network. Once con…rmed, all transactions are stored digitally and recorded in a public "blockchain," which can be thought of as an accounting system. Although the Bitcoin blockchain is limited in size and frequency on the amount of transactions it can handle, the introduction of the Lightening Network to the blockchain makes payments faster and cheaper, and it is in growing use and capacity.
Through innovations in its technical design, the cryptocurrency o¤ers the potential to disrupt payment systems and traditional currencies. In the United States, cryptocurrency exchange regulations are in an uncertain legal territory. The Internal Revenue Service regards cryptocurrencies as electronic assets subject to tax on capital gains. Although cryptocurrency is not an o¢ cial legal tender in the United States, an increasing number of companies are accepting it as a form of payment for goods and services every day. Major businesses include Paypal, Microsoft, Expedia, Uber, Airbnb and Ebay. In Germany, cryptocurrency is not just a product, but is absolutely a legal tender; an order by the Federal Ministry of Finance allows making purchases with digital currencies without taxation, since virtual currency is considered an equivalent to …at. Moreover, in the European Union member states, gains in cryptocurrency investments are not subject to value added tax due to a 2015 decision of the European Court of Justice.
Although cryptocurrency shows great promise to become more integrated into international …nance and payment systems, the cryptocurrency market is extremely volatile and many purchases of cryptocurrency have been seen as raw speculation. The average daily price amplitude of cryptocurrency is up to 10 times higher than that in the money market. This phenomenon was illustrated in the Great Crypto Boom of December 2017, when Bitcoin prices had increased by about 2; 700% with a record high price of $19; 891. At the same year, some cryptocurrencies had achieved even higher growth than Bitcoin. With the sell-o¤ of most cryptocurrencies that started in January 2018, the price of Bitcoin fell by about 65 percent in one month. Subsequently, nearly all other cryptocurrencies which also peaked from December 2017 through January 2018, then followed Bitcoin. The market capitalization of cryptocurrencies declined by at least 342 billion US dollars in the …rst quarter of 2018, the largest loss in cryptocurrencies up to that date. Moreover, more than 900 cryptocurrencies deceased due to fraud, heck and scam (see http://www.deadcoins.com). Despite the burst bubbles, however, widely recognized institutions are actively involved in the cryptocurrency market since 2018. Some of the largest …nancial institutions such as Fidelity, ICE, and Nasdaq have continued to strengthen the infrastructure supporting cryptocurrencies as an asset class. It shows that institutional investors are opening up to the cryptocurrency sector and are becoming more comfortable with this type of asset. In February 2019, the entrance of public pensions into the cryptocurrency sector furthered fueled the con…dence of other institutional investors in the traditional …nancial sector.
The disruption that the cryptocurrency caused in the money market poses great challenges and opportunities to policy makers, economists, and investors. Legislators and economists have been debating about whether the cryptocurrencies are currencies or speculative investment assets. On the one hand, cryptocurrency serves as a medium of exchange based on a decentralized network. On the other hand, the highly volatile rate of return seems to ful…ll similar functions as other more traditional assets. Is cryptocurrency a form of a currency, an asset, or a completely di¤erent instrument? How is cryptocurrency a¤ected by other …nancial markets? One way to understand what cryptocurrencies represent is to investigate the comovement of their returns with other classes of assets, in other words, to assess how investors and markets value cryptocurrencies and other …nancial assets. This paper provides a sense of what capabilities cryptocurrency might have in the market for risk management and portfolio analysis by examining the transmission or volatility spillover effects within the cryptocurrency market as well as across the …nancial markets. Particularly, we use a trivariate VARMA GARCH-in-mean BEKK model to study the interdependence of the cryptocurrency market, stock market, and bond market, with the objective of removing some of the widespread mystery surrounding the cryptocurrency.
The Data
To investigate the price evolution and spillover e¤ects of cryptocurrencies, we use daily time series data from 2015:8:7 to 2019:4:27 (a total of 1360 observations) of three major cryptocurrencies, Bitcoin, Ethereum, and Litecoin. The data source is CoinMarket (https://coinmarketcap.com/). As shown in Figure 1 , the three together captured more than 40% of the cryptocurrency market. Although the Bitcoin and Litecoin data goes back to 2013:4:28, we begin our analysis in 2015:8:7, because the second largest component of the cryptocurrency market, Ethereum, was not market capitalized until then. While digital currencies were proposed as early as the 1980s, Bitcoin was the …rst to catch on. The total value of all Bitcoins in circulation today is around $135 billion (CoinMarketCap, 2019:4) , and its massive increase has inspired scores of competing cryptocurrencies that follow a similar design. The number of cryptocurrencies has increased from approximately 80 in January 2014 to 2,112 by April 2019. Despite the huge increase in the market capitalization of other cryptocurrencies, their markets are still very thin. Thus, Bitcoin still has a strong dominance under the competition from rival cryptocurrencies.
Cryptocurrency returns are computed based on the cryptocurrency market price p t . The cryptocurrency return at time t is then calculated as r t = log p t log p t 1 where r t = b t , e t , l t , representing the returns of Bitcoin, Ethereum and Litecoin, respectively. Table 1 presents the descriptive statistics for the logarithmic prices as well as for the returns of cryptocurrencies. The mean returns for the three cryptocurrencies are ranging from a minimum of 0:002 (for Bitcoin and Litecoin) to a maximum of 0:003 (for Ethereum). Moreover, the Bitcoin return series is the least volatile series with a standard deviation of 0.039, while the Ethereum return series can be considered as the most volatile series of the three cryptocurrencies with a standard deviation of 0.076. Figures 2 to 4 provide a visual perspective on the volatility of the return series over the sample period. Indeed, the price movements of the cryptocurrencies have been quite spectacular. For example, as shown in Figure 2 , Bitcoin prices rose by more than 20 times in 2017, but by December 2018, Bitcoin fell by over 80% from its peak. We observe similar huge swings of the other two major cryptocurrencies, Ethereum and Litecoin, in Figures 3 and 4 .
Based on the estimated skewness statistics, the Bitcoin and Ethereum return series are skewed to the left, while the Litecoin return series is skewed to the right. As expected with any high frequency …nancial return series, the value of kurtosis for all of the return series of cryptocurrencies indicates a typical leptokurtic distribution, meaning that the return series is more peaked around the mean with thicker tails compared to the normal distribution. Furthermore, the Jarque-Bera statistics and corresponding p-values reinforce the above …ndings by rejecting the null hypothesis of normality at the 1 percent level of signi…cance.
The logarithmic prices and returns of the three cryptocurrencies are highly correlated as shown in Table 2 . The estimated correlation coe¢ cients of the pairwise logarithmic prices are all greater than 0.9, with the highest correlation (0.984) between Ethereum and Litecoin, and the lowest (0.937) between Bitcoin and Ethereum. The returns of the cryptocurrencies are also positively correlated, with the highest correlation coe¢ cient of approximately 0.624 between Litecoin and Bitcoin, and the lowest between Ethereum and Litecoin with a coe¢ cient of 0.377. Figure 5 con…rms this by showing a close comovement of the cryptocurrency prices. To determine whether these correlations are statistically signi…cant, we follow Pindyck and Rotemberg (1990) and perform a likelihood ratio test of the hypothesis that the correlation matrix is equal to the identity matrix. We reject the null hypothesis that the correlation matrix is an identity matrix. The strong correlation between cryptocurrencies is to be expected since they are all exposed to the same market innovations and macroeconomic shocks. The resulting collinearity tends to weaken the individual impact of these variables.
The …rst step in volatility modeling is to test for the presence of a stochastic trend (a unit root) in the autoregressive representation of each individual series. Thus, we conduct a set of unit root and stationary tests of the logarithmic prices of each cryptocurrency. Both the Augmented Dickey Fuller (ADF) test (see Dickey and Fuller (1981) ) and the Dickey Fuller GLS test (see Elliott et al. (1996) ) cannot reject the null hypothesis of the presence of a unit root as shown in panel A of Table 3 , suggesting that all three logarithmic price series are nonstationary. We select the optimal lag length in each test by the Bayesian information criterion (BIC) with a maximum lag length of 4. Moreover, given that unit root tests have low power against trend stationary alternatives, we also use the KPSS test (see Kwiatkowski et al. (1992) ) to test the null hypothesis of stationarity around a trend. As shown in panel A of Table 3 , the null hypothesis of trend stationary is rejected at the 5 percent statistical signi…cance level. We thus conclude that each of the three cryptocurrency logarithmic price series is nonstationary. Nelson and Plosser (1982) argue that although most macroeconomic and …nancial time series have a unit root (a stochastic trend), the …rst di¤erence of a time series is stationary. Therefore, we repeat the unit root and stationarity tests using the …rst di¤erences of the logarithms of the series, which are the returns of the cryptocurrencies. As shown in panel B of Table 3 , the null hypotheses of the ADF and DF-GLS tests are rejected, and the null hypothesis of the KPSS test cannot be rejected, suggesting that the returns of cryptocurrencies are stationary. Therefore, the logged cryptocurrency prices are integrated of order one, I(1), and the cryptocurrency returns are integrated of order zero, I(0).
Univariate GARCH Modeling
This section explores the return evolutions of Bitcoin, Ethereum, and Litecoin using the univariate GARCH-in-mean models (see Bollerslev (1986) ) which allow the simultaneous modeling of both the …rst and second moments of the return series. As we have discussed, the degree of uncertainty in cryptocurrency returns varies dramatically over time, suggesting that the compensation required by risk averse economic agents for holding these cryptocurrencies also varies accordingly. We examine the possibility of risk being an explanation for the higher returns of cryptocurrency using the GARCH-in-mean model accordingly.
One of the key postulates is that time varying risk premia on di¤erent cryptocurrencies can be well modeled as unanticipated shocks and are measured by the conditional variances of the one period holding yields. The autoregressive conditional heteroscedasticity (ARCH) model, introduced by Engle (1982) , explicitly models time varying conditional variances by relating them to variables known from previous periods. In its standard form, the ARCH model expresses the conditional variance as a linear function of past squared innovations; in markets where prices follow a martingale, price changes re ‡ect innovations. The ARCH model is used to provide a rich class of possible parameterizations of heteroscedasticity. This paper …rst introduces the GARCH-in-mean model to allow the conditional variance of cryptocurrency to a¤ect the mean cryptocurrency return. In this way changing conditional variances directly a¤ect the expected return on a portfolio.
As it is standard in the GARCH literature, the conditional variance (covariance under the bivariate setting) is the proxy for the market risk. If the market risk is priced, the conditional variance (covariance) will be positively correlated with the market (portfolio) return. The slope of the return-variance relationship is the proxy for the risk premium. The time-series approach links daily returns with daily volatility over a long sample period (1360 observations in our study) which involves a long series of return-volatility data pairs to generate the return-risk regression slope. It should hence have stronger statistical power to track down the true relationship.
To model the return evolution of each cryptocurrency, the lag error terms are added to the mean equation to …lter out possible …rst-order serial correlation. As shown in Figure  2 , visually there is a structural break in December 2017 for all the three cryptocurrencies. In the context of the GARCH model, we perform the Andrews and Ploberger (1994) and the Andrews-Quandt structural break tests for a single structural break at an unknown point. We detect a structural break in 2017:12:7 for Bitcoin, 2017:12:21 for Ethereum, and 2017:12:13 for Litecoin. To capture the structural break, we introduce a dummy variable in the mean equation. We use the Akaike Information Criterion (AIC) to select the best …tted model. We …nd that an ARMA(2,2) with a GARCH(2,2) and a structural break model yields the lowest AIC value for all the three cryptocurrencies. Therefore, the univariate GARCH-in-mean model for each cryptocurrency is speci…ed as
where r t is the cryptocurrency rate of return, h t is the variance of t conditional upon the information set t 1 , and D is the dummy variable. The conditional variance is used here as a proxy for the market risk anticipated by investors. To capture the leverage e¤ects in cryptocurrency return volatility, we include the GJR asymmetry coe¢ cient of Glosten et al.
(1993), 2 t i I t i , which represents the disproportionate response of the variance to unexpected price decreases.
Since standardized residuals are usually not normally distributed (see Bollerslev et al. (1988) ), quasi-maximum likelihood estimation is used. Bollerslev and Wooldridge (2007) have shown that the quasi-maximum likelihood estimator's asymptotic standard errors are valid under non-normality. All the estimations are performed in RATS 10.0.
Bitcoin
The empirical estimates of the univariate GARCH-in-mean model of Bitcoin are reported in Table 4 . In general, there is a strong ARCH e¤ect. One possible explanation for the prominence of ARCH e¤ects is of course the presence of a serially correlated news arrival process, as discussed by Diebold and Nerlove (1989) and Gallant et al. (1988) . In a related context Engle et al. (1990) have shown how the actual market mechanisms may themselves result in very di¤erent temporal dependence in the volatility of transactions prices, with a particular automated trade execution system inducing a very high degree of persistence in the variance process.
We did not …nd statistically signi…cant GARCH-in-mean e¤ects in the mean equation of Bitcoin. It could be because Bitcoin is integrated with other cryptocurrencies and …nancial markets, and thus exposed to the market innovations and macroeconomic shocks. The resulting collinearity could weaken the individual impact of the volatility of Bitcoin on its price. Our investigations in the next two sections con…rm this, and we will discuss it in more details later. One of the GJR asymmetry coe¢ cients, 2 t 1 I t 1 , is statistically signi…cant, suggesting there is a leverage e¤ect in the dynamics of Bitcoin returns. Panel C of Table 4 reports the log-likelihood values and diagnostic test statistics for the standardized residuals,
The descriptive statistics for^ t reveal a distribution that is very close to normal. The Ljung-Box Q test statistic tests the null hypothesis that the residuals are independently distributed, and the McLeod-Li Q 2 test statistics tests the null hypothesis that the squared residuals are independently distributed. Both the Q and Q 2 statistics are reported for 8 lags. Both diagnostic tests suggest that the standardized residuals are serially uncorrelated. We perform the Andrews and Ploberger (1994) and the Andrews-Quandt structural break tests for a single structural break at an unknown point within the sample, and …nd no structural break. Overall, the diagnostic tests show that the GARCH-in-mean model is correctly speci…ed.
Ethereum
The empirical estimates of the price evolution of Ethereum are reported in Table 4 and all the coe¢ cients in the mean equation are statistically signi…cant. The constant term is 0:010 and statistically signi…cant. Bollerslev et al. (1988) argue that the negative expected excess return on the market portfolio may be attributed to the preferential tax treatment on capital gains. Because of a lower tax on capital gains of the cryptocurrency as we discussed in section 2, investors have the incentive to hold the market portfolio even when its gross expected excess return is negative. The negative intercept could also be an artifact of approximating a nonlinear relation with a linear function. It is plausible that the negative intercept may imply that the true relation between the expected market risk premium and its ex ante variance is in fact convex, and trying to …t a straight line between them may result in the line intersecting the negative segment of the y-axis.
The dummy variable in the mean equation is positive and statistically signi…cant with a coe¢ cient of 0:008, suggesting that the mean return before the crash is 0:8% higher than the daily return over the whole sample period. The positive GARCH-in-mean coe¢ cient suggests that investors are risk averse and that the higher Ethereum volatility is rewarded with higher returns. Furthermore, the risk premium is more than two times of the variance of the return, which is quite substantial, indicating stronger risk aversion by the investors in this market. We do not …nd statistically signi…cant leverage e¤ects in the Ethereum returns. None of the diagnostic tests of the standardized residuals suggest serial correlation. Overall, the diagnostic tests indicate that the model is correctly speci…ed.
Litecoin
We …nd a moderate ARCH e¤ect in the Litecoin price evolution as shown in Table 4 . The GARCH-in-mean coe¢ cient is statistically signi…cant, suggesting that Litecoin volatility has an impact on the direction and magnitude of the Litecoin price. We also …nd statistically signi…cant GARCH e¤ects and leverage e¤ect in the variance equation. We conduct rigorous diagnostic tests as we did in the previous section, all of the diagnostic tests suggest that the standardized residuals are serially uncorrelated. Overall, the model is correctly speci…ed.
From our analysis so far, we can see that forecasting in the cryptocurrency market is less certain and speculation in the cryptocurrency market is risky. Risk premia are therefore adjusted to induce investors to absorb the greater uncertainty associated with holding the highly risky cryptocurrency. Our results show that among all the three leading cryptocurrencies, Ethereum has the highest excess return. Although it is not clear why this is the case, it can be consistent with the consumption-based capital asset pricing model (CCAPM). As shown in Jagannathan and Wang (2007) , the expected return of cryptocurrency asset i at time t, Er i;t+j , under the linear version of the CCAPM, is equal to cj icj . icj is the consumption beta, and icj = cov(r i;t+j ; c t+1 =c t )=var(c t+1 =c t ). Therefore, when the rate of return of a particular cryptocurrency correlates more with the investor's consumption growth, the cryptocurrency is weaker in hedging the investor's consumption risk, thus requiring a higher risk premium for a representative investor to willingly hold it. On the other hand,
, where is the coe¢ cient of relative risk aversion (RRA) and is typically assumed to be constant. However, if RRA is variable, for example, increasing in wealth, could be neutral or increasing in wealth as well.
Cryptocurrency Market Spillovers
This section tests whether there are any spillover e¤ects within the cryptocurrency market. We test whether cryptocurrency prices commonly react to innovations and/or economic news that the market is sensitive to. Daily experience seems to support the view that individual cryptocurrency prices are in ‡uenced by a wide variety of unanticipated events and that some events have a more pervasive e¤ect on cryptocurrency prices than do others. The comovement of the cryptocurrency prices suggest the presence of common underlying exogenous in ‡uences. We examine whether common underlying shocks, such as innovations in the cryptocurrency market, are risks that are rewarded in the cryptocurrency market.
We test the signi…cance and importance of ‡uctuations over time in cryptocurrency return volatility as a determinant of cryptocurrency prices. Such a relationship is implied by conventional theories of the e¤ects of risk on asset returns; these models generally assume that risk averse traders respond to perceived risk, which is proxied by the volatility of the cryptocurrency market. The empirical model allows joint estimation of the relationship between volatility and returns and how past information is related to perceived volatility. In e¤ect, the model imposes rationality on the variance forecasts of market participants. This is accomplished by estimating a multivariate GARCH-in-mean model (see Engle (2001) ), in which the variance appears in the conditional mean speci…cation. Thus, our approach avoids the arbitrariness of the conventional tests by using the data to specify the variance forecast model.
We use a trivariate vector autoregressive moving average (VARMA) GARCH-in-mean BEKK model (see Engle and Kroner (1995) for more details), to model Bitcoin, Ethereum, and Litecoin returns and volatilities as a system. We have stated the CAPM in terms of conditional moments since these re ‡ect the information set available to agents at the time the portfolio decisions are made. The conditional covariance matrix of a set of asset returns is allowed to vary over time following the GARCH process (see Engle (1982) and Bollerslev (1986) ). This essentially assumes that agents update their estimates of the means and covariances of returns each period using the newly revealed surprises in last period's asset returns. Thus, agents learn about changes in the covariance matrix only from information on returns. For the mean equation, to account for short-run conditional mean dynamics, we include the VARMA components, which can pick up serial correlation in the reduced form errors due, for example, to lagged adjustment to changes in the exogenous variables. It is important to control for time dependence in the mean to avoid confusing these e¤ects with the dependence implicit in the GARCH speci…cation.
Let z t be the vector of the Bitcoin, Ethereum, and Litecoin nominal log returns during period t, and consider the following trivariate vector autoregressive moving average VARMA with GARCH-in-mean speci…cation for the mean equation
where t 1 is the information set available in period t 1 and We use the asymmetric version of the BEKK model, introduced by Grier et al. (2004), for the variance equation. We choose the BEKK(1,1) speci…cation, which is a multivariate extension of GARCH(1,1). Thus, the variance equation is
where C, B, A, and D are 3 3 matrices with C being a triangular matrix to ensure positive de…niteness of H. This speci…cation allows past volatilities, H t 1 , as well as lagged values of 0 to show up in estimating current volatility. The asymmetry vector is de…ned as u t 1 = t 1 I <0 t 1 . Since the H matrix is symmetric, the variance equation produces six unique equations modeling the dynamic variances of the cryptocurrency returns as well as the covariances between them.
Empirical Evidence
We use the quasi-Maximum Likelihood method to estimate the trivariate VARMA BEKK model of Bitcoin, Ethereum, and Litecoin. We obtain the initial conditions by performing several iterations using the simplex algorithm and use the BFGS (Broyden, Fletcher, Goldfarb and Shanno) estimation algorithm to maximize the non-linear log likelihood function. Table 5 reports the coe¢ cients obtained, as well as key diagnostics for the standardized residuals,ẑ jt =^ t = pĥ t . Based on the diagonal elements in , presented in Table 5 , the own-mean spillovers, are statistically signi…cant at the one percent level, providing evidence of an in ‡uence on current returns of each cryptocurrency market arising from their own past returns. The own-mean spillovers vary from a minimum of^ 33 = 2:537 (for Litecoin) to a maximum of There are spillover e¤ects in the moving average terms as well. All of the three cryptocurrencies are not only directly a¤ected by the news from their own market (see the statistical signi…cance of the diagonal terms in ) but also indirectly a¤ected by news generated from the other cryptocurrencies (see the statistical signi…cance of the o¤ diagonal terms in ). Bitcoin and Litecoin returns have a positive relationship with shocks originating in their own market, with coe¢ cients of^ 11 = 0:857 and^ 33 = 2:533, respectively, while Ethereum returns are negatively related to the shocks originated in its own market (^ 22 = 2:678). Bitcoin receives spillover e¤ects form both Ethereum and Litecoin. For example, an unexpected increase of one percent in the Litecoin price in the previous period is associated with a 1:867 percent increase in the Bitcoin price. Similarly, an unexpected one percent increase in the Ethereum price in the previous period is associated with a 0:149 percent decrease in the Bitcoin price. We …nd that Ethereum is heavily a¤ected by news in the Bitcoin (^ 21 = 5:473) and Litecoin (^ 31 = 37:772) markets.
Most of the estimates of the GARCH-in-mean coe¢ cients are not statistically signi…cant with the exception of^ 12 . One possible explanation for the insigni…cant GARCH-in-mean e¤ect could be that the cryptocurrency market is subject to the in ‡uence of other …nancial markets, thus the individual explaining power of the volatility within the cryptocurrency market on the returns is weakened accordingly. We further explore this possibility in the next section. We note that the spillover e¤ects which we …nd in the autoregressive coe¢ cients, moving-average coe¢ cients, and the GARCH-in-mean coe¢ cients, are rather asymmetric in terms of the sign and magnitude of the coe¢ cients especially between Bitcoin and Ethereum, as well as between Ethereum and Litecoin. This asymmetry could be found once we compare the coe¢ cients which lay on the o¤-diagonal of the and matrices. For example,^ 12 implies that the Bitcoin return decreases by 0:149 percent with an increase in the Ethereum price; however, an unexpected increase of Bitcoin returns increases the Ethereum return (^ 21 ). Therefore, the spillover e¤ects of shocks between the Bitcoin and Ethereum markets are asymmetric. We observe similar asymmetry between Ethereum and Litecoin. Moreover, this pattern also exists when we compare the estimates of autoregressive coe¢ cients,^ 12 and 21 ,^ 23 , and^ 32 .
Turning now to the variance equation, own-volatility shocks vary fromâ 2 33 = (0:253) 2 (for Litecoin) toâ 2 22 = 0:414 2 (for Ethereum), indicating the presence of ARCH e¤ects. This means that the past shocks arising from the Ethereum market will have the strongest impact on its own future market volatility. Based on the magnitudes of the estimated cross-volatility coe¢ cients,â ij ; i 6 = j, innovations in all of the three cryptocurrency markets a¤ect the volatility of all the other markets, except for Bitcoin and Litecoin. The shocks in Litecoin increase the volatility of Ethereum returns byâ 2 23 = ( 0:028) 2 , but do not in ‡uence the volatility of Bitcoin. Overall, it appears that the lagged cryptocurrency-speci…c shocks (ARCH e¤ects) generally contribute to each other's market volatility in a recursive way.
All the estimated coe¢ cients of the variance-covariance matrix are statistically signi…cant, indicating the presence of high volatility persistence. The lowest value for the own-volatility spillover e¤ect belongs to Ethereum,b 2 22 = ( 0:693) 2 , and the highest one belongs to the Litecoin market,b 2 33 = 0:855 2 . This implies that the past volatility in the Litecoin market will have the strongest impact on its own future volatility compared to the other two markets. The nonzero o¤-diagonal coe¢ cients of the B matrix (b ij ; i 6 = j for all i and j) provide further evidence for the presence of high and positive volatility spillovers across these three well-integrated cryptocurrency markets. Interestingly, the past volatility of Ethereum a¤ects Bitcoin by 0:930 2 and Litecoin by (0:730) 2 , making it the most in ‡uential cryptocurrency among the three leading cryptocurrencies in this retrospect.
Finally, the D matrix presents the asymmetric ARCH e¤ects in the cryptocurrency markets. The diagonal coe¢ cients of the D matrix suggest that negative shocks (bad news) to cryptocurrency returns are associated with more volatility in all the cryptocurrency markets, compared with positive shocks (good news).
Panel B of Table 5 presents the normality test on the standardized residuals of the model. Both the Q statistics and the adjusted Q 2 statistics show that the null hypothesis of no autocorrelation cannot be rejected at the 1 percent level for various lags of up to 25. Thus, we conclude that there is no signi…cant amount of serial correlation left in the system residuals compared to the original return series. This provides further support for the VARMA BEKK model as it absorbs a great deal of inertia of the ARCH and GARCH e¤ects present in the original return series of the cryptocurrencies.
Overall, the trivariate VARMA BEKK model shows signi…cant spillover e¤ects among the three cryptocurrencies, including spillovers from surprise return changes in one cryptocurrency to the return volatility of another cryptocurrency.
Spillovers across Financial Markets
So far we discussed internal cryptocurrency interdependencies. Now we turn to an investigation of interdependence between the cryptocurrency market and other …nancial markets. As already noted, the cryptocurrency markets have grown steadily in both volume and value in recent years. This growth has raised the risks of the …nancial system. We will explore the diversi…cation and hedging bene…ts of cryptocurrencies through an examinination of their spillover e¤ects across …nancial markets. We use the same GARCH framework to study the conditional volatility dynamics along with interlinkages and conditional correlations between the cryptocurrency and stock and bond markets in order to obtain a better understanding of what elements of the …nancial markets cryptocurrency is sensitive to. Also, if cryptocurrency is uncorrelated with other types of assets, then it is still an important feature in an era of globalization in which correlations increased dramatically among most asset types, since cryptocurrency could be a safe haven in the asset optimization process.
Another major thrust of our e¤ort is to examine the relation between non-cryptocurrency economic variables and cryptocurrency returns. However, because of the smoothing and averaging characteristics of most macroeconomic time series, in short holding periods, these series cannot be expected to capture all the information available to the market in the same period. Stock prices, on the other hand, respond very quickly to public information. The e¤ect of this is to guarantee that cryptocurrency market returns will be, at best, weakly related and very noisy relative to innovations in macroeconomic factors. Consequently, the main focus of this section is to apply the GARCH framework to answer the following questions: i) how do cryptocurrency returns behave compared to the stock and bond markets? and ii) does cryptocurrency have any hedging capabilities as the traditional …nancial assets do, with its price reacting to and in ‡uencing other assets in …nancial markets?
We use an interest rate series and a stock market index to investigate the spillover e¤ects of the cryptocurrency market to other …nancial markets. For the interest rate series (i t ), we use the 3-month Treasury bill rate, obtained from the Federal Reserve Economic Database (FRED) maintained by the Federal Reserve Bank of St. Louis. The SP 500 index (s t ) is obtained from the New York Exchange. The series for the cryptocurrency index (c t ) that we use is the Cryptocurrency Index 30 (see https://cci30.com/). Launched on January 1, 2017, this price index is a weighted average of the 30 largest cryptocurrencies by market capitalization, and therefore measures the overall growth, daily and long-term movement of the blockchain sector. The cruptocurrency and stock markets returns are calculated as before as r t = 100 (log p t log p t 1 ), where r t = c t , s t , representing the returns of Cryptocurrency Index 30 and SP500, respectively. We use the 3-month Treasury bill rate as the interest rate series in our empirical analysis. Table 6 shows the statistics of daily returns of cryptocurrencies, stocks, and interest rate. All the returns are nonnegative. The volatility of cryptocurrency is more than …ve times higher than that of traditional asset classes, with a standard deviation of 5:0 percent. It can also be noticed that all the …nancial returns are leptokurtic, with cryptocurrency exhibiting the highest excess kurtosis. Moreover, the returns of both cryptocurrency and stocks are negatively skewed, indicating that the two have a longer left tail, and that large negative returns are more common than large positive returns. The departure from normality for all the three return series is also con…rmed by the Jarque-Bera test statistic, which rejects the null hypothesis of normally distributed returns for all the three return series. Figures 6 and 7 visually show that the Cryptocurrency Index 30 is much more volatile than the SP500 and the interest rate. Cryptocurrency Index 30 dived in early 2018; in contrast, the returns of SP500 and the 3-month Treasury bill are steadily rising during the whole sample period. Table 7 shows the positive correlation between cryptocurrencies and …nancial markets. Moreover, DF-GLS and KPSS tests show a unit root in the logarithm of the indexes. Thus, in our speci…cation we use the returns of the Cryptocurrency Index 30 and SP500 and the interest rate (results available upon request). In the following section we estimate the return evolution and spillover e¤ects across the cryptocurrency market and the U.S. stock and bond markets using the trivariate VARMA BEKK model discussed in the previous section.
Empirical Evidence for the United States
The main limitation the literature has faced in measuring the propagation channels of the spillover e¤ects has been the endogeneity of cryptocurrency prices, even at daily frequencies. Clearly, if the cryptocurrency is well integrated in the …nancial market, macroeconomic shocks such as shocks to productivity, monetary policy, in ‡ation expectations, and risk premia have an e¤ect on all cryptocurrency prices. In this section, we estimate the propagation of shocks by modeling the returns of cryptocurrency, stocks, and bonds with a trivariate VARMA BEKK model, and then estimate the contemporaneous …nancial transmission coef-…cients.
The structure of the model assumes that contemporaneous and lagged shocks in the stock and bond markets can a¤ect cryptocurrency returns, with the residuals as the unanticipated innovations in the economic factors. It helps us investigate if cryptocurrency has any possibilities in risk management and portfolio analysis, thus providing further information regarding the capabilities of cryptocurrency in the …nancial marketplace. When stocks or bonds exhibit extreme negative returns, investors may buy more cryptocurrency and thus bid up the price of cryptocurrency. Thus cryptocurrency could serve as a potential hedge. If the price of cryptocurrency is not a¤ected, then it suggests investors neither purchase nor sell cryptocurrency in such adverse market conditions, and cryptocurrency could serve as a potential safe haven. Whether cryptocurrency is a hedge or a safe haven asset for stocks and bonds is tested via the coe¢ cients in the , , and matrices in Table 8 . For example, if 12 and^ 13 are zero or negative, it implies that cryptocurrency is a hedge for stocks (bonds) since the assets are uncorrelated or negatively correlated with each other on average.
In the mean equation,^ 12 = 6:233 and it is statistically signi…cant, suggesting that the return of cryptocurrency is positively a¤ected by the returns in the stock market, thus creating a possibility for investors to diversify their market portfolio. It indicates that when the returns in the stock market increase, investors tend to increase the investment on cryptocurrency to optimize their portfolio, and thus bid up the price of cryptocurrency. On the other hand, cryptocurrency can be used as a safe haven against the bond market as^ 13 is not statistically signi…cant, suggesting that when the returns in the bond market are extremely low, investors could use cryptocurrency as safe haven since its expected return is not a¤ected by the bond market.
When we look at the moving average coe¢ cients in the matrix ,^ 12 = 6:245 suggesting that past shocks in the stock markets have spillover e¤ects on the cryptocurrency market. However, the shocks in the cryptocurrency market do not spillover to the traditional markets, as^ 21 and^ 31 are not statistically signi…cant. For the GARCH-in-mean terms, we notice that there is a negative risk premium on the stock market (^ 12 = 1:112). One possible explanation for the negative risk premia could be the dominance of income e¤ects over substitution e¤ects of stocks, leading to a positive relationship between the return and volatility. In general, we …nd evidence of the shock transmission e¤ects between the cryptocurrency market and the stock markets. Particularly, we …nd that the conditional covariances with stocks are variable over time and are a statistically signi…cant determinant of the time-varying cryptocurrency risk premia.
In the variance equation, when we look at the impact of the …nancial markets on the cryptocurrency market, the shocks in the bond market have a very slight e¤ect on volatility in the cryptocurrency market (â 13 = 0:001). However, the shock (â 12 ) and volatility (b 12 ) in the stock market do not a¤ect the volatility in the cryptocurrency market. Overall, cryptocurrency seems to possess allied hedging capabilities against the stock market and is a safe haven for the bond market. Attracting market and economic in ‡uence, cryptocurrency may become a more balanced investment vehicle, driven both internally and externally.
The preference of investors for cryptocurrency can be explained by the fact that, unlike conventional currencies, cryptocurrency is fully decentralized and independent of any central authorities; if the …nancial system is not working well or is under threat, investors seek refuge in cryptocurrency, which is independent from the …nancial system and its underlying technology. According to Ciaian et al. (2016) , cryptocurrency also has an investment attractiveness that is re ‡ected in its increasing acceptance and trust, Moreover, the decreasing transaction costs and uncertainty for investors increase investment demand for cryptocurrency.
On the demand side, changes in cryptocurrency prices can induce changes in the marginal utility of real wealth, which perhaps is measured by real consumption changes, and will in ‡uence the pricing of the cryptocurrency; such e¤ects could also show up as unanticipated changes in risk premia. On the production side, changes in the expected level of real production would a¤ect the current real value of cryptocurrency. Insofar as the risk premium does not capture cryptocurrency mining production uncertainty, innovations in the rate of productive activity should have an in ‡uence on cryptocurrency returns through their impact on cash ‡ows.
Robustness
Bitcoin has dominated more than a third of the cryptocurrency market over the years. Since its volatility and risk premium are of great interest to market participants, as well as policymakers, we take a further look at the spillover e¤ects of Bitcoin on the …nancial markets using the same trivariate VARMA BEKK model. Overall, as shown in Table 9 , we …nd strong bi-directional transmission and volatility linkages between Bitcoin and the …ancial markets, providing evidence that time-varying conditional correlations between the Bitcoin and other …nancial markets exist. Moreover, the magnitude of spillover e¤ects between the Bitcoin market and the other …nancial markets is greater than that of the cryptocurrency index.
We …nd signi…cant mean spillover e¤ects across all the three markets as shown in Table  9 . In the mean equation, the autoregressive coe¢ cients in matrix and the moving average coe¢ cients along the diagonal of the matrix are moderate and statistically signi…cant, suggesting that the Bitcoin return, stock return, and interest rate series are consistent with a typical ARMA process. The o¤-diagonal elements of the matrix indicate the spillover e¤ects of past shocks across the three markets. There is evidence of shock spillovers from each of the …nancial markets to the Bitcoin market. Particularly, an unexpected shock in the stock market in the previous period could increase the Bitcoin price by 23:611 percent, and an unexpected shock in the bond market will increase the Bitcoin price by 5:347 percent. It suggests that a positive shock to the traditional …nancial market may make investors more risk seeking and invest in alternative assets like Bitcoin, thus bidding up the price of Bitcoin. However, past Bitcoin price shocks a¤ect the traditional …nancial market negatively (^ 21 = 1:416 with a p-value of 0:000 and^ 31 = 0:091 with a p-value of 0:000).
None of the coe¢ cients in the GARCH-in-mean matrix are statistically signi…cant except for^ 13 = 0:001, suggesting that the expected interest rate is a¤ected by the volatility in the Bitcoin market. We note that the spillover e¤ects which we …nd in the autoregressive coe¢ cients, moving-average coe¢ cients, and the GARCH-in-mean coe¢ cients, are rather asymmetric in terms of the magnitude of the coe¢ cients. The shocks in the stock market have a stronger impact on the cryptocurrency market than the bond market, since j^ 12 j > j^ 13 j and ^ 12 > ^ 13 .
Regarding volatility linkages, the "own-market" coe¢ cients of Bitcoin,â 11 andb 11 , are statistically signi…cant and the estimates suggest a high degree of persistence. We …nd that previous bond market shocks have an impact on current Bitcoin volatility (â 13 = 0:001 with a p-value of 0:001), but the volatility and shock in the stock market do not have a statistically signi…cant impact on the conditional volatility of Bitcoin. We also …nd that the volatility and shock in the Bitcoin market will increase the volatility in the bond market in a statistically signi…cant way.
Our results point to additional risk management capabilities of the Bitcoin, that it may have some risk management capabilities against traditional …nancial assets. We …nd that shocks in the traditional …nancial markets are generally more in ‡uential on Bitcoin than on an average cryptocurrency. A plausible explanation for why the spillover e¤ects vary is in part the integration of di¤erent cryptocurrencies with the …nancial market. Bitcoin is the most widely accepted and trusted cryptocurrency in the cryptocurrency market. As the other cryptocurrencies are getting more and more mature, their interconnectedness with the economy and …nancial markets may increase as it is now the case of Bitcoin.
International Evidence
We have estimated the …nancial transmission among cryptocurrency, equity, and bond markets in the United States. Now we use the same framework to analyze the nature of …nancial integration and the transmission channels within some other leading economies in the world: Germany, the United Kingdom, and Japan.
The purpose of this section is to determine the reduced form of the spillover e¤ects between the cryptocurrency market and the domestic equities and interest rate markets, using a joint estimation technique in the context of a parameterized model of conditional variances. Particulary, the stock market equation may be interpreted as a proxy of domestic demand, in that a positive demand shock at home raises domestic equity prices. Alternatively, changes in equity prices may also be explained by supply shocks, such as productivity changes. The short-term interest rate can essentially be interpreted as the market's expectation about the course of monetary policy in the short to medium term. Of course, these interpretations are not clear-cut and may not exclude alternative interpretations and explanations.
The data covers the period from August 7, 2015 to April 27, 2019. The data source for all …nancial market series is Datastream. We use the 3-month government bond interest rate for the interest rate series. We use the DAX30 index, FTSE100 index, and NIKKEI 225 index for the equity markets in Germany, U.K., and Japan, respectively. All of the series exhibit the typical characteristics of heteroskedasticity, skewness, and excess kurtosis. The summary statistics in Table 10 show that all series have a kurtosis value in excess of that in a normal distribution. The Jarque-Bera test shows that all return series depart from the normal distribution. Table 11 clearly shows that there are correlations among cryptocurrency prices and the international …nancial markets in all three countries. Interestingly, the cryptocurrency returns are positively related with the interest rate in the U.K., but negatively related with the interest rate in Germany and Japan. Results from two-unit root tests, Augmented Dickey Fuller (ADF) and Phillips Perron (PP), indicate that all return series are stationary (these results are available upon request). There is also evidence of signi…cant conditional heteroscedasticity, as suggested by the ARCH test.
The estimation results of the trivariate VARMA BEKK model in Tables 12 to 14 show that there are statistically signi…cant spillover e¤ects between cryptocurrency and the traditional …nancial markets in all the three leading economies. Furthermore, the linkages between the stock market and cryptocurrency market are stronger than those between the bond market and the cryptocurrency market.
For the spillover e¤ects from …nancial markets to the cryptocurrency market, the past returns and shocks in the stock market have statistically signi…cant spillover e¤ects on the cryptocurrency market in all the three countries as can be seen in^ 12 and^ 12 in Tables 12 to 14. For the spillover e¤ects from the bond market to the cryptocurrency market, only in Germany, there are moderate spillover e¤ects from the bond market to the cryptocurrency market as shown in Table 12 that^ 31 = 7:056 and^ 31 = 5:616, but the shock spillover e¤ects from the stock market are much stronger than those of the bond market, as ^ 12 > ^ 13 . The integration of the interest rate and cryptocurrency returns in Germany could be because of the fact that cryptocurrency is a legal tender in Germany, thus it is potentially subject to the market's expectation about the course of monetary policy in the short to medium term as re ‡ected in the interest rate.
There are moderate spillover e¤ects from the cryptocurrency market to the stock markets in Germany and the U.K. as shown in Tables 12 and 13 with^ 21 = 1:514 and 0:322, 21 = 1:514 and 0:322, respectively. The spillover e¤ects from the cryptocurrency market to the bond market are not statistically signi…cant. Interestingly, it seems that the bond market in Japan is insulated from the cryptocurrency market, since none of^ 13 ,^ 13 and^ 13 is statistically signi…cant as shown Table 14 .
In general, the results show that shocks in the stock market are more in ‡uential on cryptocurrency markets than those in the bond market in all the countries we study. Particularly, spillover e¤ects from the cryptocurrency market to the equity market are most pronounced in Germany, and there are no statistically signi…cant spillovers e¤ects from the cryptocurrency market to the bond market. A plausible explanation for why the cryptocurrency e¤ects vary across countries is in part that the integration of cryptocurrency varies in di¤erent countries; the United States is the largest economy in the world and the cryptocurrency is most used in the United States. Cryptocurrency is a medium of exchange recognized by the government in Germany and not subject to any tax on its capital gains. As the cryptocurrency market is growing more and more mature, and recognized by more countries, the interconnectedness of cryptocurrency with international …nancial markets may increase as it is now the case of Bitcoin in the United States. The integration of cryptocurrencies with the …nancial markets has increased as the cryptocurrency market evolved. When facing macroeconomic uncertainty, investors may choose a suitable cryptocurrency to adjust their asset portfolio based on their risk preference. In particular, as the cryptocurrency market capitalization increases, investors employ cryptocurrencies as a hedge against stocks.
Conclusion
The price of cryptocurrency and its return volatility are of great concern to market participants and policymakers. Being able to accurately forecast the volatility and predict its spillover e¤ects carries direct implications for transactions in the market. Motivated by these considerations, we estimate univariate and multivariate volatility models for the returns of three cryptocurrencies, Bitcoin, Ethereum, and Litecoin using the most recent data. We use a trivariate VARMA BEKK model to identify the role of cryptocurrency in the …nancial market context, and contribute to the understanding of price and volatility in cryptocurrency market and its interdependence with other …nancial markets.
The internal cryptocurrency market study results provide strong evidence supporting the progress of cryptocurrency market integration and further support the …ndings by earlier studies on interdependencies within the cryptocurrency market. The cross …nancial markets study suggests that cryptocurrency can combine some of the advantages of both stocks and bonds in the …nancial markets and therefore be a useful tool for portfolio management, risk analysis, and market sentiment analysis. We …nd that the linkages between the cryptocurrency market and other …nancial markets are stronger in the countries where cryptocurrencies are more accepted and used. Attracting market and economic in ‡uence, cryptocurrency may become a more balanced investment vehicle, driven both internally and externally. It is interesting to observe that the established risk-reward mechanism of traditional …nancial markets seems to hold even for a highly dynamic and evolving cryptocurrency market. Most aspects of cryptocurrency are similar to …nancial assets as they react to similar variables in the GARCH models and possess similar hedging capabilities when react to good and bad news. 
